Using an administrative data set (Hygie), we apply a difference-in differences with dynamic matching estimation method to the onset of breast cancer. The employment probability decreases by 10 percentage points (pp) one year after the onset of cancer compared to the not-treated group. The detrimental effect of breast cancer on employment increases significantly over time, by up to 12 pp after five years. Another aim of our study is to identify some socio-demographic and work-related protective factors against the adverse effects of breast cancer on labour market outcomes. We stress four potential protective factors related to the negative effect of breast cancer. First, a young age at occurrence reduces this deleterious effect. Second, a high first job wage also appears to be a protective factor. Third, having faced less unemployment in the past is associated with a weaker negative effect of breast cancer on employment in the short run. Finally, we find a moderate "generational effect" after stratification by year of cancer onset. JEL: : I10, J21, J22.
Introduction
Thanks to advances in organized screening, detection and treatment, cancers may be related to chronic diseases (Cutler (2008) ). Breast cancer imposes a substantial burden on the statutory health insurance in France. This cost burden impacts the long-term disease scheme, which supports all expenditures related to chronic diseases, including cancers. Therefore, the average cost of treatment for breast cancers in France is 10 thousand euros per year. In 2012, the expenditures on all cancers reached 14 billion euros, including 2.3 billion for breast cancer alone. In addition, breast cancer causes indirect costs: lost days of work and productivity losses (Rapport de l'observatoire sociétal des cancers (2014)). 1 In the female population, breast cancer exhibits an earlier onset than that of other cancers 2 and requires treatments associated with functional sequels and therefore raises questions regarding the impact of breast cancer on individual well-being and, especially, labour market outcomes. Furthermore, the net survival rate of women diagnosed with breast cancer in France between 1989 and 2004, according to French cancer registries, is 97% after one year and 86% after five years (Jooste, Grosclaude, Remontet, Launoy, Baldi, Molinie, Arveux, Bossard, Bouvier, and Colonna (2013)), thus allowing the study of the causes of work impairment.
(2004), Torp, Gudbergsson, Dahl, Fossa, and Fløtten (2011)). Cross-country differences in the delays beyond 6 months may be explained by protective factors such as favourable social protection rules (sick leave legislation, social insurance schemes, work flexibility) and how employers are allowed to arrange working conditions. Using French data, Duguet and Le Clainche (2016) show that the probability of returning to work two years after diagnosis, especially for women diagnosed with breast cancer, increases when appropriate working conditions are implemented. Generally, the onset of cancer affects future investments in human capital (primary or secondary health prevention) due to the difficulty of combining work and cancer treatment (Yarker et ) find that, one month after the surgery, 56% of women with breast cancer are on sick leave, the majority full-time. Most of these women are employed at diagnosis, and 91% of them work greater than 75% of full-time. According to Farley, Vasey, and Moran (2008) , in the USA, survivorship affected the probability of working full-time and hours worked for both genders 2-6 years post-diagnosis. In the female population of survivors after a new cancer diagnosis, the negative effects attributable to the cancer are 14 to 17 pp (percentage points) for the employment rate, 14 to 18 pp for full-time employment and 7 to 8 for hours worked per week. Torp et al. (2011) , using a Norwegian database, highlight that a low socioeconomic position appears to be a risk factor for returning to work. On the basis of Korean data (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) , after a breast cancer diagnosis, working women are more frequently unemployed if they have low education or a low income (Eunmi, Cho, Shin, Park, Ahn, Noh, Nam, Lee, and Yun (2009)). Using French data, Paraponaris, Teyssier, and Ventelou (2010) study the relationship between cancer occurrence and the type of labour contract. Their findings indicate that fixedterm contracts exhibit greater risk of job loss for workers in the female population (-8 pp relative to permanent contracts).
From a theoretical perspective, the return to work depends on economic incentives. Bradley, Neumark, and Barkowski (2013) demonstrate that the negative effect of breast cancer on employment is reduced if the patient's health insurance is dependent on the job. This result refers to the "job lock" assumption, i.e., workers remain in their current job to maintain their health insurance. In contrast to the USA, in France, for particular diseases that require intensive, expensive and long-term care (such as cancer), the long-term disease scheme has been implemented to pay for the related treatment costs and provide equal access to health care.
In this study, we focus on the sociodemographic and work-related aspects of cancer. Given the French legal framework, we cannot assume a job lock effect. We expect that the negative effect of breast cancer will persist over time even if the woman does not suffer from a recurrence of the disease, as in Heinesen and Kolodziejczyk (2013) in the Danish case.
We examine four potential types of socioeconomic factors that could influence employment in the short and long term. First, breast cancer occurring at a younger age could be less disadvantageous than at a later age (Petersson (2011) ). Second, a strong socioeconomic position is associated with appropriate working conditions following diagnosis and with a better return to work (Eunmi et al. (2009) ). Third, we account for the stability of the past career before the onset of cancer (Heckman and Borjas (1980) , Gregg and Tominey (2005) ). Finally, we also examine a generational effect. Advances in medicine coud lead to a better return to work for the most recent generation of cancer survivors, but other factors, such as discrimination 3 in the labour market, could play a more ambiguous role. Using panel data from the National Pension Fund and the National Health Insurance Fund, we examine two issues. First, we estimate, for the first time in France, the effects of breast cancer on employment outcomes up to five years after its onset. We perform a difference-indifferences analysis combined with a dynamic matching algorithm. Second, we highlight the role of protective factors that attenuate the adverse effects of cancer on labour market outcomes. The paper is organized as follows. Section 2 is devoted to the methodology and the econometric model specifications. In section 3, we present our main findings, and a discussion is provided in section 4. The final section presents our conclusions.
Data and methodology
Data. The HYGIE data set was constructed from two nationwide administrative sources. The HYGIE data were extracted from the National Pension Fund (CNAV) and the National Health Insurance Fund for Salaried Workers (CNAMTS) administrative databases. The resulting database contains individual information on beneficiaries, their professional careers, medical consumption, sick leave, employees' professional context and a few characteristics concerning employer establishments. The HYGIE database makes it possible to study the relationships among health, work, professional career and firm characteristics. HYGIE is representative of private sector employees in France.
Specifically, the files were extracted from the National Career Management System (SNGC), which groups all private sector employees in France, and the National Statistical Beneficiaries System (SNSP), which groups all private sector retirees in France, matched with sickness benefit data taken from the National Health Insurance Inter-regime Information System (SNIIR-AM). The CNAV data constituted the point of entry and included a random sample of beneficiaries aged 22 to 70 years who contributed to the general pension fund at least once in their lives. The CNAMTS data concern both primary and secondary beneficiaries of the National Health Insurance scheme who received sickness benefits for at least one health service There are 552,048 working people in these data. Restricting to women leaves 225,340 observations. For this study, we use a data set that includes the entire career of the workers from their first job to the year 2008. We drop the retirement years and retain only the active period to evaluate the impact of cancer on employment. The demographic data include gender and birth year. The HYGIE data include the wage from the first job. We take the ratio of this first job wage to the yearly median wage and compute four equally sized initial wage classes. This approach corrects for inflation and indicates a worker's position in the income distribution.
The medical data include a sick leave dummy and the International Statistical Classification of Diseases and Related Health Problems (henceforth, ICD). We identify breast cancer with ICD code C50. To implement the dynamic matching methodology, we retain all the women in the sample, that is, women with breast cancer, women with no disease and women with another disease. These other diseases include all other cancer types and the French definition of longterm diseases (such as diabetes).
These diseases are on an official list and must last at least 6 months. They are fully financed by the statutory health insurance. Our approach also guarantees that the estimation results obtained for all of the cancers and diseases in this data set are comparable, as the same data set can be used for all of them.
Three labour market statuses were identified in the HYGIE data: employment, regular employment and unemployment. The outcome variables indicating the individual's employment status were identified in the HYGIE database on the basis of contributions paid for qualifying periods (unemployment, sickness/occupational accident) and quarters of national social security scheme contributions. Individuals were thus identified as follows. Regular employment means at least one quarter of contribution to the national social security system and the absence of unemployment spells. Employment means at least one quarter of contribution, with or without unemployment spells.
We use the following indicator of career stability. We divide the number of years with an unemployment spell by the total number of years spent in the labour market. We match women on the value of this indicator one year before cancer onset to control for their past labour market performance. We use the same type of indicator for past health: the number of years with sickness leave divided by the total number of years spent in the labour market. We also use the lagged value of this indicator (one year before cancer) when we match women.
To implement the dynamic matching methodology, we retain all the women in the sample, again, women with breast cancer, women with no disease and women with a disease other than breast cancer. These other diseases include all other types of cancer and all of the diseases that correspond to the French definition of long-term diseases (such as diabetes). These diseases are on an official list, and must last at least 6 months. They are fully financed by the compulsory health insurance scheme. This approach also guarantees that the results obtained for all of the cancers and diseases in the data set are comparable, as the same data set can be used for all of them.
Methodology.
Our estimator is similar to that of Heckman, Ichimura, and Todd (1997). We wish to explore the impact of breast cancers on the employment history of women. We account for four estimation issues. First, cancer is likely to cause a break in individual employment histories. In this case, only a dynamic approach can identify the break with a before-after analysis, where the break date is the date of the cancer and is specific to each individual. A static approach can only compare individuals with different health status at the date of the survey and cannot directly analyse the impact of cancer for each individual. Second, the women in the data set have different ages, and hence the observation window differs across women. Therefore we need to match women by age to ensure that we compare women who had a health event (or did not) at the same age and during the same year. Third, we account for the fact that the panel data model includes correlated individual and time effects. We also allow for heterogeneous time trends by adding matching to the usual difference-in-differences estimator. Fourth, we perform a non parametric estimation, and hence no specific distributional assumption is made.
In the standard difference-in-difference approach (henceforth, DiD; see Lee (2003) for details), the variables that are constant over time should not alter the estimations, which should allow this approach to control for individual-level unobserved heterogeneity. Our approach generalizes DiD in two directions. First, we match on the lagged endogenous variables such that we compare women who had comparable labour market situations before the health event. This allows for a better assessment of the health-labour causality because the women in our cancer group have the same occupation as the women in the control group before the health event occurs. Therefore, we can rule out reverse causality from labour to health, as the women who work more often are matched with similar women in the control group. Second, the standard DiD method assumes that the time effects share parallel trends in the health-event group and in the control group. By matching on individual characteristics, we allow for the time trends to differ between the health-event and control groups, to the extent that the slopes of the trends depend on the individual characteristics and the lagged endogenous data. For these reasons, our application of DiD should provide a more robust estimation than in the standard case.
The Hygie data set provides a detailed, dynamic account of two main variables: cancer occurrence and occupational status. In this section, we analyse how it is possible to evaluate the impact of cancer on subsequent labour market history. To successfully identify the impact of health events, we need to account for two types of quantities: on one hand, the difference in histories between those women who experienced cancer and other women and, on the other hand, the variations in the labour history of one woman before and after cancer. In this section, we show that the DiD method with matching allows us to estimate the effect of cancer by controlling both for the observable individual variables and unobservable individual heterogeneity, including when the latter is correlated with the observable individual variables.
The outcome variables are the annual activity dummies corresponding to the three following occupational statuses: employment, unemployment and sick leave. One can interpret our analysis as an assessment of the impact of breast cancer on these occupational dummies.
We consider all the women with breast cancer, denoted i ∈ I , where I stands both for the index set of the women with breast cancer and their number. A woman i ∈ I is observed between the years t − i and t
, and a breast cancer diagnosis occurs in year t i ∈ (t
). To evaluate the effect of the cancer, we compare the occupation of woman i in t i −1 to the occupational choice k years after the health event, in t i +k ≤ t
. In what follows, we take employment as example, but any other occupational status can be treated in the same manner. The employment probability of woman i during year t , denoted p i ,t , depends on a vector of individual explanatory variables X i , an unobservable individual effect α i , potentially correlated with X i , a time effect β 0,t and a joint effect of the explanatory variables with the time effect β 1,t (X i ). The employment dummy variable d i ,t follows a Bernoulli process with mean p i ,t given by
where f i (.) is an unknown function relating X i to the employment probability p i ,t , γ i is the effect of the breast cancer on the probability of being employed, and T i ,t a dummy variable equal to 1 if there is a breast cancer (t ≥ t i ), 0 otherwise (t < t i ). The γ i terms depend on how much time passed since the breast cancer occurred t − t i . The i ,t terms are idiosyncratic error terms with E i ,t X i , α i , β 0t , β 1t (X i ), T i ,t = 0. Henceforth, we consider the effect of the cancer between t i − 1 and t i + k, and thus, we wish to estimate an average value for γ i (k), k ≥ 1.
The estimation proceeds through the elimination of all the components except γ i (k). The techniques used to achieve this goal are based on differencing (for α i and β 0,t ), matching (for X i and β 1,t (X i )) and averaging (for i ,t ). In the first step, we will match the women experiencing a cancer (i ∈ I ) with their (statistical) twins as follows:
the two first inequalities simply require that the twins be present over the same period as woman i . The third inequality defines dynamic matching, the twins in J (i ) should experience their cancers (or another long-term disease, if any) after the end of the comparison period for woman i . This implies that we match i with, on one hand, women who will neither experience cancer nor another long-term disease and, on the other hand, women who will experience either cancer or another long-term disease at a later date. When someone does not experience cancer (or another long-term disease), we use the convention t j = {+∞}. Ultimately, the matched individuals should have the same individual characteristics. The notation J (i ) will also be used to indicate the number of twins matched with woman i . Note that two women can share common twins, as we make use of all potential matches for each woman. By definition, the outcome variable of the pair does not include the effect of the cancer, and hence the pair's outcome variable is given by
and the average outcome of i 's twins is given by
Consider first the difference between woman i and all her matches j ∈ J (i ) before the health event; we eliminate the terms in β 0,t i −1 and β 1,t i −1 (X i ) and obtain the following:
and when we take the difference after the cancer date, we also eliminate the β components:
the DiD (2) and (1) therefore leads to
Our estimator is simply the average of these individual health effects. We defineγ
It remains to compute the variance ofγ(k). The method is explained in the appendix. We performed the estimation with SAS 9.4. 
Results
Our sample includes 2,547 women who suffer from a breast cancer for enough years to compute a before-after difference. These women will be matched with 203,392 women with no long-term (six months) disease and 19,059 women with another long-term disease. Overall, women who experienced breast cancer have similar incomes to the others. They are somewhat less represented in the highest income class. They are also significantly older, as expected. In 2008, 60.4% of women with no disease were less than 45 years old, while only 13.5% of women with a breast cancer were under 45 ( Table 1) . We use a matching method to eliminate the effect of the confounding variables on this naive average difference in outcome. We then perform five estimations (full sample; by age of cancer onset (more or less than the median age of 48); by first wage classes (in quartiles); by the stability of the professional career (measured with the indicator (c), which represents the share of the number of years worked with at least one unemployment spell over the number of years worked, and three classes are selected c = 0, low unemployment (0 < c ≤ 0.16) and high unemployment (c > 0.16)); and by onset year with three classes (t ≤ 1990, 1991 ≤ t ≤ 1999 and t ≥ 2000), thus allowing us to measure short-(one year) and long-term (2 to 5 year) breast cancer effects on two labour market outcomes (employment and regular employment, e.g., without unemployment spells).
Effects on employment.
We use two indicators of employment. The first indicator is a dummy variable equal to one when a worker has validated at least one quarter in employment. We call this "employment" because it is representative of a job drawn at random from the total population. This definition includes all types of jobs: stable jobs but also insecure jobs and some quarters of unemployment or disease in the same year. To better assess the effect of breast cancer, we also use a more restrictive definition of employment "regular employment". Here, we require that there is no unemployment during the same year. Note that both definitions of employment are compatible with fixed-term contracts, and hence the "regular employment" jobs need not be especially stable over time. This indicator simply identifies workers who have been working during the year without experiencing unemployment.
The employment probability decreases by 9.8 pp one year after the onset of cancer relative to the not-treated group (Table 2) . We also observe that the detrimental effect of breast cancer on employment significantly increases over time, reaching 12.1 pp five years later. If we consider regular employment (without unemployment spells), the adverse effect remains but is less pronounced (from 6.3 pp in t + 1 to 10.5 in t + 5). At this stage, we can assume that the regular employment variable selects a protected population because such individuals better cope with the negative effects of a breast cancer on the career path.
A young age of occurrence. We compare the effect of cancer depending on the age of the worker at the onset of breast cancer. For workers under 48 (the median age at cancer onset in our data), the negative impact of a breast cancer remains constant over time (between 8 and 10 pp for irregular employment, 7 pp for permanent employment), whereas this impact increases linearly in the older female population (above 48), from 8.4 pp to 15.2 pp for employment and from 5.2 to 13 pp for regular employment. These patterns suggest that late cancer onset is more detrimental to the employment of breast cancer survivors, with a negative effect that increases over time. This pattern should be explored in depth and is likely due to opposite effects. Indeed, from a medical perspective, breast cancers at a younger age (before menopause) are known to be more aggressive, everything being equal, than a cancer onset occurring after menopause (after the mean age of 51 in France). 4 Early cancers are often diagnosed with delay due to the absence of screening programmes and the low prevalence of the desease in that age range (less than 5% of breast cancers occur before 40). Moreover, early cancers usually receive a worse prognosis. Furthermore, we can assume that the young women may have more "energy" to return to work earlier than do older women, who also tend to be more discriminated against. However, several alternative explanations might account for the consequences of a patient's age at cancer onset. First, the nature of comorbidities and treatments might differ depending on the age of occurrence. Second, breast cancer occurring at older ages can be especially disabling and prevent women from maintaining a job (undergoing hormonotherapy, which is more frequently applied for post-menopausal women, is given for five years and often entails unpleasant side effects). Third, as more women approach retirement age, the opportunity cost of exiting employment decreases. Fourth, the decline in the probability of employment for older women may be explained by the "double penalty" phenomenon that can lead to amplified effects of exiting the labour market. Traditional analyses of investments in human and health capital can be enhanced by accounting for changes in preferences or age-related discrimination, which has been particularly noted for older workers (e.g., Datta Gupta and Larsen (2010)).
High income effect.
We test the protective role of initial income on the negative impact of breast cancer on employment by dividing the sample into four classes (relative wage at the date of labour market entry). 5 Our findings show that workers in the upper relative wage class (above the third quartile of the relative wage) are especially protected (Table 3 ). The negative effect of cancer varies from 3 to 12 pp only, while it is considerably larger for other workers (under both employment measures). The decrease in the employment rate in the lowest relative wage class tends to increase over time from 10 pp (t + 1) to 18 pp (t + 5). This detrimental effect of cancer increases over time for all wage classes. The effect of cancer is strictly decreasing with the relative wage class from the first to the third year after the onset of cancer. For instance, for employment, the effects after one year are -15 pp, -12 pp, -9.3 pp and -4.7 pp. Several arguments can explain these results. First, the French social protection system is highly redistributive and allows lower income workers to secure a better income replacement rate than higher income workers. This may create an inactivity trap that would explain the long term effect of -17 pp for the first quartile. Second, the lower wage class workers are more often affected by comorbidities associated with poor working conditions and tend to exit the labour market permanently. Third, the lowest quartile workers cannot easily benefit from work arrangements because the nature of their jobs makes doing so difficult.
Career stability. We test another assumption related to the nature of the past career (measured by the occurrence of unemployment spells in past years). The results show that employment and regular employment both decrease by 5 pp one year after breast cancer for women without any past unemployment spells. This short-term effect is greater for individuals who were unemployment in the past. Workers with a low past unemployment rate face a 11 pp decrease in employment, while those with a high past unemployment rate (above 16%) face a 16.6 pp decrease. However, this result does not extend to regular employment, as all workers with past unemployment spells face a 8 pp decrease one year after the onset of cancer. When comparing the outcome over a longer horizon, we obtain different findings with respect to stability class. People with a low past unemployment rate face a stronger decrease in their regular employment rate than do workers with the highest past unemployment rates. This could indicate the following dynamics: people with a low past unemployment rate would be more frequently driven toward unemployment and transition into a higher unemployment class in the future. Our findings indicate that for individuals who had previous unemployment spells, it is more difficult to remain in regular employment after a cancer shock.
A generational effect.
The last test concerns a potential generational effect. We consider the impact of expected medical advances on the time to return to work for young. To test this hypothesis, we perform the estimation by onset year and consider short and medium terms (from t + 1 to t + 3). In the year following the diagnosis, the decline in irregular employment is very similar whatever the onset year (about 9-10 pp), which appears to contradict the innovation assumption. Nevertheless, we stress the clear generational effect we observe concerning the effect on regular employment. For a cancer diagnosis that occurred after 2000, the decrease in employment is 5. 
Discussion and conclusion
Our study is original in several respects. First, the estimation of the effect of cancer on professional situations covers a long-term period from one to five years after diagnosis. In addition, it relies on administrative data to identify the careers of a large sample of private sector employees. Moreover, the sample size permits performing a DiD analysis with exact matching and defining a rigorous control group that exploits the panel dimension of the data. Finally, we examine a relatively young female population (in our sample, 43% of the women with a breast cancer are less than 45 years of age), which reinforces the relevance of the analysis of career paths of this population. Our main findings confirm, for the first time in France using this econometric method, the detrimental effect of breast cancer on employment. The proportion of individuals who have completed at least one quarter of employment decreases substantially after the onset of cancer: by 10 pp after one year, and the effect is long-lasting because it remains at 12 pp five years after cancer onset.
It is obviously difficult to compare our results with those of other studies because of the differences in data and methods and cross-country differences in labour market structure, public financing of cancer's cost and sick leave. Bearing this in mind, our findings are similar to those of Moran, Short, and Hollenbeak (2011) and Heinesen and Kolodziejczyk (2013) , who use similar econometric methods by combining DiD and propensity score matching. Using Danish administrative register data, Heinesen and Kolodziejczyk (2013) estimate the effects of breast cancer on labour market outcomes for three-year survivors. Using two different control groups, they find following probabilities of decreased employment: 4.4 pp in t + 1, 5.3-5.8 pp in t + 2 and 6.2-6.7 pp in t + 3.
Using US data, Moran, Short, and Hollenbeak (2011) focus on a young population, as our study does (cancer at younger ages, 28-54 years) and estimate the effect of surviving cancer on long-term employment outcomes (2-6 years post-diagnosis). Breast cancer survivors had employment rates that were 7-8 pp lower than the control group. These findings are significantly lower than ours. In general, the generosity of the French health insurance system can explain the more common occurrence of inactivity.
The originality of our study is to focus on many demographic and professional characteristics as protective factors against the deleterious effects of breast cancer on employment. As expected, a young age of occurrence, a high initial wage class and past employment stability promote a better return to work (similar to the results of Heinesen and Kolodziejczyk in 2013). Many studies identify social gradients in breast cancer survivors (e.g., Carlsen et al. (2008)).
Nevertheless, the most interesting findings concern the potential generational effect related to the medical advances. This result should be explored in greater depth.
Finally, several limitations of our study should be noted. In addition to that related to the definition of cancer (specific to this study), the data do not allow the identification of the cancer stage, the type of treatment or the severity. Before the Cancer Plan, which was adopted in France in 2004, that is during the common period of our study, an hypothesis can be made regarding the existence of a link between the aggressiveness of treatments (that is with significant pain and potentially adverse long-term side effects) and social gradients. Indeed, due to improved prevention behaviours, upper-income-class women are often better diagnosed and at an earlier stage of their cancer and can therefore recover without as much recurrence. However, this holds only for the older women (who are also benefiting from organized cancer screening programmes). TABLE 2. Effect of a breast cancer (C50), time-related conditioning. Difference-in-differences with dynamic matching estimates. Matching variables: lagged outcome dummies (employment, unemployment, disease), year of birth (exact), first job relative income class (r , 4 levels), past disease class (3 levels), past unemployment class (c,3 levels). 
A Estimation of the standard errors
This section presents the computation of the standard errors without using bootstrapping, to save computing time. The ATT estimator, denotedĉ, can be written as follows: c = 1
where I is the treated set (and their number), y i is the outcome variable of individual i , ∆y i is the before-after difference and J (i ) is the set of individual i 's twins (and their number). The previous formula defines the DiD estimator. If two treated individuals have the same matching variables, and if their treatment occurs on the same date, they will be matched with exactly the same twins, and hence the same mean will be subtracted from their outcome variable. We regroup the treated according to their matching variables and treatment date. Let k ∈ K be a specific vector regrouping the matching variables and the treatment date; the set of all the treated individuals in the matching group k (and their number) is defined by
and we let J (k) denote the common matching twins' set of the treated in group k (and their number). By definition, the I (k) sets define a partition of the treated set I = k I (k), I (k) I (k ) = ∀k = k . Therefore, the ATT can be rewritten as follows:
j ∈J (k) ∆y j is the matching twins' common mean within group k. Simplifying within the sum, we obtainĉ
To compute the variance of this estimator, we make the standard independence assumption between the y i 's. First, the groups k are independent of one another because they have neither a treated nor a twin in common. We obtain
Second, the y i 's are independent of the m k 's because they are computed from different individuals. We obtain
i ∈I (k) ∆y i the mean outcome of the treated within group k. The estimator is obtained by replacing the theoretical statistics with their empirical counterparts. 
